ABSTRACT: Accurate voluntary feed intake (VFI) prediction is critical to the productivity and profitability of ruminant livestock production systems. Simple empirical models have been used to predict VFI for decades, but they are inflexible, restrictive, and poorly accommodate many feeding conditions, such as those of developing countries. We have developed a mechanistic model to predict VFI over a range of forage diets (low-and high-quality grasses and legumes) by wild and domestic ruminants of varying physiological states (growth, lactation, gestation, nonproductive). Based on chemical reactor theory, the model represents the reticulorumen, large intestine, and blood plasma as continuous stirred-tank reactors and the small intestine as a plug flow reactor. Predicted VFI is that which 1) fulfills an empirical relationship between chemostatic and distention feedback observed in the literature, and 2) leads to steady-state conditions. Agreement between observed and actual VFI was great (generally R 2 >0.9, root mean square prediction error <1.4 kg/d, CV <25%). Root mean square prediction error for our model was only 67% that of the Beef NRC (2000) model, the leading empirical prediction system for cattle.
INTRODUCTION
Predicting voluntary feed intake (VFI) is critical to the profitability and productivity of ruminant livestock production systems (Yearsley et al., 2001) . Since their introduction in the 1960s (Conrad et al., 1964) , multiple regression and other simple empirical equations (Forbes, 2007b) have been embraced for VFI prediction. Typically, these equations are parameterized with data encompassing a narrow range of biological conditions (e.g., focusing on only 1 animal species, physiological state, environment, and dietary type; Forbes, 2007b) because correlations between predictor variables and VFI vary across conditions. Although these equations can have good predictive power within the specific conditions used for parameterization, extrapolation is not appropriate because of the purely empirical basis of the equation (Yearsley et al., 2001) . Because these equations have generally been developed for conventional feeding situations in developed countries (cattle and sheep fed high-quality temperate forages and grain), they can be restrictive, particularly for novel feeding situations (such as for new or unconventional livestock species; NRC, 1991 NRC, , 2007 or in developing countries (where goats, in addition to sheep and cattle, and poor-quality tropical forages are mainstays; Timon and Hanrahan, 1986; Chenost and Kayouli, 1997) .
In contrast to empirical models, mechanistic models estimate VFI by modeling underlying intake regulation mechanisms (Illius and Allen, 1994; Illius et al., 2000; Yearsley et al., 2001) . Their broader biological aims and reliance on more than 1 data set for parameterization grants them wider applicability than empirical models. However, their historically poor precision, in addition to more theoretically focused aims, has led to little adoption in practice. The objective of this study was to develop and evaluate a mechanistic model that reliably predicts VFI by wild and domestic ruminants of varying physiological states over a range of forage diets.
(after Danfaer, 1990) . Entities exit their compartments via routes similar to those in the RR. For simplicity, the model does not directly simulate MICRO uptake of NcAc, although it is observed experimentally (Wallace et al., 1997) ; for this reason, the model immediately converts NcAc entering the LI to equivalent amounts of SCHO and NH3 (which MICRO take up) to effectively permit MICRO to take up NcAc. Passed, undigested material is excreted in the feces.
Absorbed amino-N and NH3 is transferred to a blood plasma urea (PU) space (modeled as a continuous stirred-tank reactor; after Baldwin, 1995) , where they are converted to urea and excreted into the urine or into the GIT as an endogenous secretion. Endogenous protein (assumed for simplicity to be entirely SP) is also secreted into the GIT through the saliva or other sources (e.g., sloughing of GIT epithelium, mucin secretions by goblet cells, enzymatic secretions).
Viscera and other organs outside the GIT are not included explicitly, although some of their functions that determine VFI and digestibility are implicit; for example, conversion of NH3 to urea is a function of the liver and kidneys, although neither is represented in the model.
Model Equations
We used a system of differential equations to quantify the fluxes of nutrients, metabolites, and MICRO across compartments and spaces, as described above. These equations follow the general format
where t is time and <inflow to compartment j> and <outflow from compartment j> are the sums of all processes causing entity j to flow into and out of compartment j, respectively. Equations describing digestive events in the RR, LI, SI, and plasma are provided in Supplemental Table 1 , and supporting auxiliary equations are presented in Supplemental Table 2 . Equations for a MICRO submodel are presented in Supplemental Table 3 . Miscellaneous equations are given in Supplemental Table 4 . All other equations are provided below in the text. Units, abbreviations, and symbols used in these equations are provided in Appendix 1.
Feedback Signals and Prediction of VFI
In simulating digestion for a given level of VFI (kg of DM/d), the model computes 2 key variables: 1) RR fill with space-occupying NDF (kg/100 kg of BW), and 2) the quantity of nutrients and metabolites the GIT ab- (Forbes, 2007a) . We hypothesize that there exist optimal or reference values for these computed values (i.e., target values toward which computed values gravitate). Following the method of Fisher (1996) , we compared the computed value of these 2 variables with these optimal or reference values by taking the ratio between reference values and actual variable values. We define the ratio of optimal (C r ) to actual (NEI) NE intake as the chemostatic feedback signal (C s ), that is,
[1]
Computed as described below, C r is the NE required to reach genetic production potential (defined as the production level expected from an individual of a given species, breed, BW, physiological state, production stage, and sex when nutritional, environmental, and managerial factors hypothetically do not constrain production). We additionally define the ratio of reference (D r ) to actual (< RR NDF >) RR fill with NDF as the distention feedback signal (D s ), that is,
We define D r as < RR NDF> when C s = 1 and set its value to 1.7 kg/100 kg of BW, a value found by applying the model to a calibration data set (Mertens, 1973) . We used NDF as a measure of RR fill, following its historic use in the literature (Mertens, 1987) and because its use led to greater system stability (faster and greater convergence rates during model solution procedures) relative to other potential measures.
To find an empirical relationship between C s and D s , we calculated the values of C s and D s from 2 studies in the literature (Bernal-Santos, 1989; Bosch et al., 1992a,b) . We estimated C s from milk production and BW reported by the 2 studies in conjunction with NE requirement equations of the NRC (2000, 2001) . We assume that milk production realized on these highquality diets approached the genetic potential of the animal (i.e., we assumed that these high-quality diets did not place nutritional constraints on production; if such constraints were in fact present, we would underestimate potential). We estimated D r from the value of indigestible NDF (Bernal-Santos, 1989) or lignin (Bosch et al., 1992a,b ) fill when C s = 1, the definition of the reference value for RR fill. We used indigestible NDF and lignin instead of NDF (as in the model) because these measures of RR fill were most consistently related to C s across these data sets (although NDF gave greater system stability in the model). We found that C s and D s followed the relationship
where α is a shape parameter found by regression (using log-transformed values with PROC REG; SAS Inst. Inc., Cary, NC) and equal to (mean ± SEM) −0.78 ± 0.16 (P < 0.001; Figure 1 ). Bosch et al. (1992a,b; ♦) . We estimated C s and D s according to the methods described in the text. The regression line is dotted. The plot is semilogarithmic.
Equation 3 was derived under circumstances in which the dietary energy:protein ratio was small. However, increased dietary ratios strongly reduce VFI (Moore and Kunkle, 1995) , presumably because these ratios create a suboptimal balance of absorbed nutrients (Egan, 1977) . To accommodate diets with large ratios, we added a feedback signal for energy:protein, using an equation form proposed by Fisher (1996) :
where P s is the energy:protein feedback signal; NE:P is the ratio of NE to protein absorption from the GIT (Mcal/kg); and γ, δ, and ε are shape parameters (unitless). The value of γ (0.7) is from Fisher (1996) and δ and ε (6, 0.17) were found by applying the model to a calibration data set (Mertens, 1973 (Thornley and France, 2007) with the time step (the interval at which VFI and other variables are computed) between 0.001 to 0.01 d. We considered that convergence was reached when the fractional change in VFI between iterations was ≤10 −6 , and the final solution was insensitive to the time step used.
Other Notes on Model Structure
We have modeled many digestive processes as following simple first-order and Michaelis-Menten saturation kinetics, as in previous, related models (Penry and Jumars, 1987; Illius and Allen, 1994) . However, in accordance with experimental observations (Hungate, 1966; Hackmann et al., 2008) , we represented passage in the RR with 2 sequential passage rates (Blaxter et al., 1956 ) and hydrolysis in the RR and LI with agedependent kinetics (following a second-order Erlang distribution; Matis, 1972) . We have devised "subcompartments" (Supplemental Table 1 ) as mathematical artifices to represent these complex kinetic schemes with only simple first-order equations.
We use the term "compartment" loosely when referring to SI entities; compartments are strictly defined as well-mixed spaces (Jacquez, 1985) , but by definition there is no longitudinal mixing in plug flow reactors. We assume that secretion of endogenous protein into the SI occurs evenly along the length of the SI.
Given the importance of the microbial ecosystem in the ruminant animal (Hungate, 1966) , we included within the model a submodel of MICRO (Supplemental Table 3 ). Microbes, which are represented as a single homogenous entity, take up SCHO, SP, and NH3 according to Michaelis-Menten kinetics. After discounting total SCHO uptake for a MICRO maintenance energy requirement, the first-limiting nutrient (SCHO or N) determines growth. A portion of SCHO is used as a carbon source for MICRO biomass synthesis and a portion is fermented for energy to drive growth. Any SCHO or SP remaining (as a result of being nonlimiting to growth) is fermented, mirroring the observation that copious amounts of SCHO (van Kessel and Russell, 1996) and SP (Russell et al., 1983) are fermented in such cases.
In addition to D s , C s , and P s , which directly modulate VFI, our model includes a protein feedback (P d ) that indirectly affects VFI by modifying degradation rates of insoluble nutrients according to the ratio of N:SCHO taken up by MICRO (Eq. 3a and 3b in Supplemental Table 4 ). This feedback follows a MichaelisMenten relationship. We predict the slow passage rate of particles from the RR
fill of the RR, using Michaelis-Menten kinetics and assuming that all particles pass at the same rate as INDF (Eq. 19 in Supplemental Table 2 ). The equation for NEI (Eq. 4 in Supplemental Table 4 ) follows standard conventions, except for the use of the heat increment of eating (H e ; see Appendix 2).
Model Parameters
Model inputs include forage chemical composition (NDF, ADF, CP, ash) and forage type [early or latecut alfalfa, C 3 (cool season) grass, C 4 (warm season) grass, grass-legume mixture], the latter of which determines dietary degradation characteristics (Appendix 2 and Supplemental Table 6 ). The detailed chemical composition (SCHO, InNFC, DHEM, IHEM, DADF, IADF, SP, InDP) is automatically calculated by the model from chemical composition input by the user according to Eq. 1 to 8 in Supplemental Table 2 and the parameters in Supplemental Table 10 .
The remaining model input, C r , is computed by 1) estimating genetic production potential (see below) and then 2) calculating NE (expressed in NE m equivalents) required to reach that production level (referencing Blaxter, 1989; NRC, 2000 NRC, , 2001 NRC, , 2007 . To estimate genetic production potential, we referenced a study that provided high-quality mixed diets and other optimal conditions, such that nutritional and other nongenetic constraints to production should be minimized. (If such constraints in fact did occur, our approach would unPredicting feed intake of ruminants derestimate production potential.) The goal of future work is to tabulate values of C r by species, BW, and other variables to facilitate model use by nonexperts.
All other variables are constants estimated from 65 publications (Appendix 2 and Supplemental Tables 1 to 11) and our own unpublished data. The model currently accommodates 1-ingredient diets containing only forage because of the complexity and number of model equations.
Model Validation
We compared model-predicted VFI with actual values from 15 studies reporting ad libitum consumption of all-forage diets by 14 bovid, 4 cervid, and 1 giraffid species during gestation, lactation, growth, or nonproductive physiological states. Studies and species included are given in Table 1 , and descriptive statistics of these studies are given in Table 2 . We selected studies in which animals were confined in enclosures (stalls, pens, or crates) and their VFI were directly measured (rather than by markers or other indirect methodology) to ensure minimal activity and measurement error. We focused on all-forage diets because these are the most pervasive 1-ingredient diets (as required by the model), although we included a wide range of dietary qualities and types (Table 2) .
We conducted validations with the full data set (n = 158) and a subset of domestic species (cattle, sheep, goats) only (n = 118). We also compared the performance of our model with that of the NRC (2000) using the 43 cattle observations (including growing, lactating, gestating, and nonproductive animals) within our validation data set to which we could apply the NRC (2000) equations. We assessed mean and linear biases of model predictions by using residual analysis (St-Pierre, 2003) .
RESULTS AND DISCUSSION

Validation Results
We found good agreement between model-predicted and actual values of VFI for the full data set (n = 158), indicated by increased R 2 (0.910), small root mean square prediction error (RMSPE; 1.35 kg/d), and reasonably small CV (28.6%; Figure 2A ). Residual analysis (St-Pierre, 2003) revealed statistically significant but numerically minor biases in both intercept (−0.28 kg/d; P = 0.008) and slope (−0.076; P = 0.001).
The model overpredicted the 2 giraffe observations in the validation data set (from Foose, 1982 ; circled in Figure 2A ). Foose (1982) and those who have studied his work (Owen-Smith, 1988) noted qualitatively Studies include the following: Colburn (1968) , Foot and Russel (1979) , Egan and Doyle (1982) , Foose (1982) , Hunter and Siebert (1986) , Baker and Hobbs (1987) , Weston (1988) , Hatfield et al. (1989) , Weston et al. (1989) , Reid et al. (1990) , Domingue et al. (1991) , Stanley et al. (1993) , Gross et al. (1996 ), van Wieren (1996 , Varel and Kreikemeier (1999) .
2 n = number of forage-animal observations. Figure  2B ) than for the full data set with giraffe observations removed. We attribute this greater agreement to the likely greater precision with which we could compute C r for domestic species; energy requirement equations are reasonably well-established for domestic species (NRC, 2000 (NRC, , 2001 (NRC, , 2007 , but equations for cervids are based on limited data (NRC, 2007) , and equations for most other wild species have not been published (forcing us to use an imprecise interspecific equation; Blaxter, 1989) . There were no significant biases in either intercept (P = 0.697) or slope (P = 0.385). These results demonstrate that our model, with few exceptions, predicts VFI reliably across a wide range of diet qualities, ruminant species, and physiological states.
We compared the predictive performance of our model and that of the NRC (2000), one of the most widely accepted and general empirical prediction systems for cattle (particularly in North America). Agreement between model-predicted and actual values of VFI for our model (R 2 = 0.812, RMSPE = 1.55 kg/d, CV = 16.1%) was appreciably better than for the NRC (2000; R 2 = 0.700, RMSPE = 2.31 kg/d, CV = 24.0%) in terms of R 2 , RMSPE, and CV (n = 43; Figure 3A and 3B). Further, there were no biases in intercept or slope for our model (intercept: P = 0.674; slope: P = 0.971) but there were large and significant biases in intercept (0.783 kg/d; P = 0.014) and slope (0.462; P = 0.004) for the NRC (2000). Gestation observations from Stanley et al. (1993; circled in Figure 3A) were moderately overpredicted by our model for indeterminate reasons. These observations were present in the validations above, but their outlying behavior is more conspicuous here because comparatively few observations were included in this validation (n = 43). When these observations were removed, the predictive performance of our model (R 2 = 0.958, RMSPE = 1.09 kg/d, CV = 10.1%) was elevated even more than that of the NRC (2000; R 2 = 0.724, RMSPE = 2.45 kg/d, CV = 25.5%).
We note that to predict cattle VFI, the NRC (2000) uses 4 distinct empirical equations (1 each for growing calves, growing yearlings, gestating and nonlactating cattle, and gestating and lactating cattle). Our model uses the same equation set for all physiological states and animal types. Although not specifically designed for cattle or certain physiological states, our system predicts cattle VFI of forage diets with superiority to that of the empirical NRC (2000). This point demonstrates how the mechanistic model proposed here can exceed both the breadth and precision of an empirical system.
Comparison with Performance of Prior Mechanistic Models
Our mechanistic model is one of several developed previously (Illius and Allen, 1994; Illius et al., 2000; Yearsley et al., 2001) . Table 3 summarizes the predictive performance of models that have been validated, showing that many have marginal precision. This precision might explain why mechanistic models have been regarded as research and not predictive tools (Illius et al., 2000; Yearsley et al., 2001) . Nevertheless, 2 models, that of Chilibroste et al. (1997) and our own, display quite good predictive power within their validation data sets (Table 3 ). Although the model of Chilibroste et al. (1997) displays a large R 2 value (0.949), its practicability as a general VFI prediction model is uncertain because its performance was 1) evaluated only with cattle, 2) not directly compared with other models, and 3) probably exaggerated by its small validation data set size (n = 18). From this perspective, our model stands most reliably as a general VFI prediction system, and its performance makes predictive, not just research, applications promising.
Representation of Signals Regulating VFI
Although the complexity of mechanistic models makes it difficult to determine the reasons for their predictive performance, we believe our mechanistic model performs well because it represents mechanisms regulating VFI realistically. Most prior mechanistic models hypothesize that VFI is determined by several mutually exclusive constraints (Illius and Allen, 1994; Illius et al., 2000) . Consequently, their prediction presumes that an animal eats until 1 regulatory variable (e.g., RR fill or NE intake) reaches a physiological limit and thereby constrains further intake; the other nonlimiting variables do not affect VFI.
Contrary to this "constraints" hypothesis (Forbes, 2007a) , Figure 1 suggests that regulatory variables do not necessarily reach limits when controlling VFI. Figure 1 shows that C s and D s hold a wide range of values, indicating that RR fill and NE intake do as well (Eq. 1 and 2). Critically, there are observations (e.g., those near the origin of the graph) for which values of both C s (and thus NE intake) and D s (and thus RR fill) fall well inside the limits of ranges shown in Figure 1 . Either an unrepresented variable limited VFI in these cases, or, more likely, RR fill and NE intake regulated VFI without reaching limits. This finding undermines the constraints hypothesis and perhaps explains the marginal performance of models that use this hypothesis to predict VFI (Table 3) .
Rather than by a system of independent constraints, VFI might be controlled by the simultaneous integration of regulatory signals (Forbes, 2007a) . Interpreted within this framework, Figure 1 represents the pattern of integration between C s and D s signals. The level of VFI predicted by our model is that which permits C s and D s to hold values empirically observed (the regression line in Figure 1 , after correcting for any depressive effect of P s ; Eq. 4), according to the integration pattern (log-linear) involving the 2 signals. Some mechanistic models have integrated regulatory signals to predict VFI, as our model does here. However, they do so according to a theoretical relationship only (Fisher, 1996; Forbes, 2007a) , are thus not as empirically defensible, and predict poorly compared with our model (Fisher, 1996;  Table 3 ). Although we framed our discussion of VFI regulation within the context of modeling, much of this discussion, particularly that regarding signal integration in Figure 1 , transcends modeling.
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Model Limitations
Despite good agreement between actual and modelpredicted VFI, the structure of the model is necessarily limited in certain aspects. We model the effects and integration of feedback signals only at a gross level (Eq. 4) and not the specific means by which such effects are mediated (e.g., hormonal and neuronal pathways; Forbes, 2007b) . The effect of this simplification on VFI prediction is uncertain, but does prohibit investigation and further understanding of how VFI is regulated at a fine degree of resolution.
Our model cannot account for VFI depression occurring under special conditions, such as a deficiency or excess of micronutrients, extreme temperatures, the presence of plant secondary metabolites or other tox- ins, or endocrinal involvement during estrus and late pregnancy (Forbes, 2007b) . The omission of endocrinemediated VFI depression in the model may partially explain its systematic overprediction of gestation observations from the study by Stanley et al. (1993;  Figure  3A ), although gestation observations from 2 other studies (Table 1) were well predicted.
Another limitation of the model is its accommodation of only 1 dietary ingredient. Expanding the model to accommodate more complex diets is a goal of future work.
Potential Model Applications
An important feature of the model is its ability to predict reliably over a wide range of animal species and forage qualities. The model should serve as an appropriate predictive tool for application to small ruminants and poor-quality forages, which are mainstays of livestock production in developing countries (Timon and Hanrahan, 1986; Chenost and Kayouli, 1997) , but for which few empirical VFI prediction systems (excepting sheep) have been developed. By the same reasoning, the model may be suitable to accommodate new or unconventional ruminant livestock species and breeds (NRC, 1991 (NRC, , 2007 ; these animals have similarly been ignored by empirical systems, although they have considerable economic promise in developed and developing countries alike and, in the latter, may help solve the problem of low meat and milk availability (NRC, 1991) . Our model can serve as a valuable tool for livestock production systems that animal production research has largely neglected, such as those in developing countries. Rook et al. (1991) previously concluded that a universal model of ruminant VFI prediction is unattainable, and that a battery of empirical equations (with each equation specific to a biological condition) be developed and applied instead. Although animal scientists have tacitly accepted the conclusions of Rook et al. (1991;  even as developing such a monumental battery of equations has doubtful practicability), the ability of our model to predict forage VFI over a wide range of physiological states and dietary qualities suggests that a universal model of VFI might be realized with further work. As the model is refined (such as expansion to accommodate several dietary ingredients), and the population of the world and demand for animal products climbs (Delgado, 2003) , VFI prediction of the model will become crucial to improving the profitability and productivity of ruminant livestock systems. The model has other useful applications. Because it can consistently deliver accurate VFI predictions when external constraints (e.g., limited food availability, competition) are absent, our model can provide baseline predictions for VFI capacity that could be very valuable to ecological investigations. Values line (mean ± SE) refers to line actual VFI = slope·predicted VFI + intercept.
4
Found by digitizing Figure 1 of Hyer et al. (1991b) .
5 NA = not available.
6
Calculated using data in original report of Chilibroste et al. (1997) .
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APPENDIX 2
Refer to Appendix 1 for units, abbreviations, and symbols.
Conversion Factors
To convert values from literature sources to be consistent with units used in the model, molecular masses of nutrients were assumed to be 17, 60, 110, 162, and 675 g/mol for NH3, PU, protein, CHO, and FAT (Dijkstra et al., 1992) ; 60, 74, 88, and 102 g/mol for acetate, butyrate, propionate, and valerate; and 67.3 and 79.3 g/mol for VFA SCHO and VFA SP (calculated using average molar proportions for CHO and protein fermentation reported by Murphy, 1984) . The volume of the RR, SI, LI, and plasma spaces were assumed to be 11, 1.3, 2.4, and 79.5 L/100 kg of BW, typical of sheep and cattle (Grovum and Hecker, 1973; Grovum and Williams, 1973; McAllan, 1981; Dixon and Nolan, 1982; Dixon and Milligan, 1984; Barry et al., 1985; Baldwin, 1995; Pitt et al., 1996) . We also assumed 1.26 mol of N/ mol of SP (Dijkstra et al., 1992) .
Protein Feedback Signal That Affects Degradation Rates
To estimate parameter values for i P d , we used the data of Houser (1970) , which report the effect of adding urea to the in vitro degradation rate of Pangola grass OM, with the following assumptions: 1) all nutrient disappearance was due to MICRO uptake, 2) all non-CP OM that disappeared was CHO, 3) 75% of grass CP disappeared, 4) all urea disappeared, and 5) , respectively (Cant et al., 1996 (Hecker, 1971; Grovum and Williams, 1973; Nolan et al., 1976; McAllan, 1981; Nolan, 1983, 1986; Dixon and Milligan, 1984; Siddons et al., 1985; Sklan et al., 1985b; Supplemental Table 5 ). An estimate of < i NH3> is required to calculate i k
NH3
, and when unavailable in a report, it was taken from Hecker (1971; assuming 1 kg/L of SI digesta and all nonprotein N is NH 3 ) for the SI and from Dixon and Nolan (1982) for the LI.
To estimate
